Embracing uncertainty in fisheries stock assessment using Bayesian hierarchical models by Pulkkinen, Henni
Embracing uncertainty in fisheries
stock assessment using Bayesian
hierarchical models
Henni Pulkkinen
Academic dissertation
To be presented for public examination with the permission
of the Faculty of Biological and Environmental Sciences
of the University of Helsinki
in Auditorium YB210, Linnanmaa campus, University of
Oulu, on February 27th, 2015, at 12 a.m.
Fisheries and Environmental Management Group
Department of Environmental Sciences
Faculty of Biological and Environmental Sciences
University of Helsinki
and
Natural Resources Institute Finland
HELSINKI 2015
Supervisors Prof. Samu Ma¨ntyniemi
Fisheries and Environmental Management Group
Department of Environmental Sciences
University of Helsinki
Helsinki, Finland
Prof. Jukka Corander
Bayesian Statistics Group
Department of Mathematics and Statistics
University of Helsinki
Helsinki, Finland
Follow-up Prof. Jaakko Erkinaro
Natural Resources Institute Finland
Oulu, Finland
Prof. Sakari Kuikka
Fisheries and Environmental Management Group
Department of Environmental Sciences
University of Helsinki
Helsinki, Finland
Reviewers Ph.D. Carmen Fernandez
ICES Advisory Committee
International Council for the Exploration of the Seas (ICES)
Copenhagen, Denmark
Ph.D. Len Thomas
Centre for Research into Ecological and Environmental
Modelling (CREEM)
School of Mathematics and Statistics
University of St Andrews
St Andrews, Scotland, United Kingdom
Examiner Prof. Mikko Sillanpa¨a¨
Department of Biology and Department of
Mathematical Sciences
University of Oulu
Oulu, Finland
Custos Prof. Sakari Kuikka
Fisheries and Environmental Management Group
Department of Environmental Sciences
University of Helsinki
Helsinki, Finland
c© Henni Pulkkinen
ISBN 978-951-51-0559-2 (paperback)
ISBN 978-951-51-0560-8 (PDF)
http://ethesis.helsinki.fi
Juvenes Print
Oulu 2015
Cover
Elina Pa¨iva¨niemi
Photo: Mikko Paartola, vastavalo.fi

Abstract
Overfishing and environmental changes impose high risks on the wellbeing of
the world’s fish stocks. It is commonly acknowledged that fisheries management
should be risk averse, following the principles of the precautionary approach, but
unfortunately the statistical stock assessment methods often lack the ability to
estimate the uncertainties related to their results. Further challenges arise from
the fact that stocks which are in the most desperate need of a stock assessment
are often data poor and resources to gather new data from them are scarce.
Bayesian statistical inference can be utilized to conduct stock assessments cost-
efficiently since these methods provide a formal way to combine information from
various sources including databases, literature and expert knowledge. Bayesian
inference is essentially a learning process where existing information is combined
into a prior distribution, which is further updated with the most recent data. The
result, a posterior distribution, expresses the best available knowledge about the
phenomenon, including the related uncertainty. Furthermore, Bayesian hierarchi-
cal models enable learning between similar units, for example, stocks of the same
or related species.
This thesis consists of four studies that use Bayesian hierarchical models to
improve knowledge in the fisheries stock assessment. Correlations between bio-
logical parameters, arising from different life history strategies among species, are
utilized in paper [I] so that a data rich set of length-weight parameters can reduce
the uncertainty of length-fecundity parameters for a data poor species. In paper
[II], similarities between stocks of Atlantic salmon are used to estimate the stock
specific key parameters of eggs-to-smolts relationship. A predictive distribution of
this key parameter is also estimated, and could be used as an informative prior in
a subsequent study of another Atlantic salmon stock. In addition, a hierarchical
model is built to study structural uncertainty, estimating posterior probabilities of
competing functional forms that describe the eggs-to-smolts survival at different
juvenile densities.
The Bayesian approach makes it possible to conduct analyses sequentially, as
in the case of Baltic salmon stock assessment reviewed in paper [III]. Sequential
analysis is useful if a stock assessment is complex and computational power does
not enable analysis of all observation models at the same time. Thus, the Bayesian
methods permit the creation of complex model frameworks, where incentives for
structural choices arise rather from the biological process, than from the require-
ments or limitations of the datasets. The analysis of acoustic survey information
to estimate herring resources at Bothnian Sea (paper [IV]) is another example of a
computationally intensive model that has been built on the basis of available back-
ground information. This includes on one hand, the technical knowledge about
the survey, and on the other hand, the biological knowledge about the spatial
distribution of the fish.
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1 Introduction
The field of fisheries stock assessments is filled with different sources of uncer-
tainties. Knowledge about the abundance, reproductive success, migration
patterns or schooling behavior of fish stocks is at best limited. Many factors
influence the status of the stocks, including the availability of food, level of
predation, environmental factors and human influence from fishing, eutroph-
ication or pollution. The information available about the status of stocks,
and about the many factors affecting them, is often sparse, biased and con-
tradictory. Despite these challenges, there is a need to have firm knowledge
about the condition of the stocks and to give appropriate management advice
on how they can be harvested sustainably (Hilborn and Walters 1992).
As the task of accounting for uncertainties in a stock assessment can seem
overwhelming, it is often considered easier to concentrate only on the pieces
of the puzzle that are best known, instead of dealing with the uncertain and
unknown. This can lead into a false feeling of certainty, and in the worst
case for a fish stock, into a situation where a decrease in abundance cannot
be detected before it is too late to prevent the stock from collapsing (Mullon
et al. 2005). As fisheries legislation in Europe is expected to follow the pre-
cautionary approach (CEC 2009), fisheries policy should be risk averse, ac-
knowledging the most important sources of uncertainty in stock assessments
and expecting those uncertainties to be estimated and taken into account in
the management decisions. Thus, an increase in the estimated uncertainty
should lead to a more conservative level of exploitation (Fenichel et al. 2008)
which, on the other hand, can also result in greater long term gains if the
over-fishing of a stock is avoided (Ma¨ntyniemi et al. 2009). However, an
increase in the knowledge about a stock does not necessarily mean that the
uncertainty decreases: it may even increase when more factors and differing
views are comprehensively accounted for. For example, it may turn out that
the variability of a biological parameter is greater than what was previously
thought. This may happen especially if the biological realism is improved in
a stock assessment, increasing the understanding about the related sources
of uncertainty (Kuparinen et al. 2012).
Harwood and Stokes (2003) distinguish the epistemic, or measurable, un-
certainty into categories of process stochasticity, observation error, model
error and implementation error. The process stochasticity is considered to
cover the natural variation arising from the demography and environmental
variation affecting the species. Further, Harwood and Stokes (2003) divide
the observation error between the measurement error, including the issues of
data collection, and the estimation error that reflects the imprecision of the
statistical inference.
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Parameter uncertainty arises from the simple notion that the true value
of a parameter is not known. Process and observation uncertainties, for
example, contribute to the estimated parameter uncertainty. Typically, if
uncertainty is accounted for in a fisheries stock assessment, the focus is on
the parameter uncertainty, rather than on other sources of uncertainty (Hill
et al. 2007). For example, uncertainty in the parameters of the stock-recruit
relationship has been widely studied (e.g. Myers and Mertz 1998, Su et al.
2004, He et al. 2006). The stock-recruit relationship describes the connection
between the spawning stock size and the resulting number of offspring and it
has a big influence on the future projections of the stocks, and, thus, on the
management advice (Hilborn and Walters, 1992). On the other hand, many
parameters essential for stock assessment, e.g. natural mortality, are still
often treated as known constants (Gislason et al. 2010), which may result in
false conclusions about the status of the stock.
Model uncertainty, or structural uncertainty, arises from dubiety about
which one of alternative functional forms best describes the phenomenon
(Brodziak and Legault 2005, Hoshino et al. 2014). Structural uncertainty
is found to play a large role especially in ecosystem models, where different
species can have a wide range of interactions (Hill et al. 2007). This source
of uncertainty can be accounted for, e.g., by including the competing model
structures in the same model framework and estimating the probabilities of
different models according to the data (Hoeting et al. 1999). As statistical
models are commonly acknowledged as simplifications of the real world, it of-
ten is very easy to speculate about the risks that a potential mis-specification
of a model can bring to the management actions. However, it is less com-
mon that the optional model structures are rigorously considered, aiming to
formally deal with the structural uncertainty.
Implementation uncertainty arises from human behavior, from not know-
ing how well the management actions, such as regulations on the total al-
lowable catch, are followed in practice. As the fisheries management systems
often fail in creating the desired behavior among fishermen, the uncertainty
at the human side of the system may even overcome the other sources of
uncertainty (Fulton et al. 2011). Because the complexity of environmental
problems can include the impact of market forces and personal incentives of
the resource users, accounting for implementation uncertainty often requires
interdisciplinary research between societal, economic and biological sciences
(Haapasaari et al. 2012).
In order to account for these various sources of uncertainty, a formal
methodological framework is required. Methods of Bayesian inference have
proven beneficial in this task both for fisheries stock assessment and decision
analysis (e.g. Punt and Hilborn 1997, McAllister and Kirchner 2001, Parma
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2002). Thus, their usage is constantly increasing within the field. Unlike
the standard stock assessment methods (e.g. Virtual Population Analysis,
Pope 1972), Bayesian methods make it possible to combine different types
of information such as expert knowledge (Uusitalo et al. 2005), information
from other related stocks or species (Jiao et al. 2011), or to sequentially
analyze data from different parts of a life cycle and then combine the results
into a stock assessment (Michielsens et al. 2008). Furthermore, Bayesian
inference makes it also possible to study probabilities of events that have not
been observed (e.g. McGrayne 2011). This is useful for fisheries science as
the stock collapse is something we wish never to observe but may want to
have an estimate of the risk of such an event occurring.
The focus of this thesis is on providing formal statistical tools for ac-
knowledging and reducing parameter and structural uncertainties in fisheries
stock assessment. This thesis consists of four papers, in all of which Bayesian
hierarchical models are used for dealing with a specific issue related to a stock
assessment. Bayesian hierarchical models are particularly useful for dealing
with uncertainty because they make it possible to transfer information from
the data rich cases to the data poor, enabling learning between, for example,
different individuals, species or geographical areas (Punt et al. 2011). Thus,
hierarchical models can either help in evaluating the level of uncertainty in a
novel case with sparse data, or in reducing the uncertainty by incorporating
additional information.
Papers [I] and [II] provide methods for formulating prior distributions
using hierarchical meta-analyses of data from different stocks of the same
species, or stocks of different but related species. Paper [I] focuses on im-
proving the usage of information from data bases or literature, by learning
from correlations that take place between biological parameters. Correlations
are considered to arise between biological parameters because of life history
strategies, as the energy needs to be allocated, for example, either to rapid
growth or early maturation (Rochet 2000). Thus, the allocation of energy
creates a statistical connection between parameters describing growth and
maturity. Correlations can also be learnt from related species, as those can
be expected to have similarities in their life history strategies. This is useful
especially if the information available from the target species is sparse.
In paper [II], hierarchical meta-analysis is used for analyzing the stock-
recruit relationship among a group of Atlantic salmon stocks. The paper
addresses the structural uncertainty arising from competing views about the
mathematical formula that best describes the connection between the spawn-
ing stock size and the resulting number of offspring. The competing theories
entail, for example, different views on how the high population densities af-
fect juveniles chances to survive. Such theories, followed by different model
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choices can have a large impact on the management strategy of the stock.
Furthermore, in paper [II] the stock specific maximum survival of eggs param-
eters are estimated for stocks from which data is included in the modeling,
and in addition also for another, or ’new’, Atlantic salmon stock, from which
no data is included. This predictive distribution for a new stock is estimated
because it can later be used as a prior distribution in a subsequent study,
enabling learning from different studies.
Papers [III] and [IV] illustrate how Bayesian methods can be utilized when
analyzing complex processes with vast amount or variety of data. The review
paper [III] illustrates the success story of Baltic salmon stock assessment, in
which a Bayesian sequential model framework is utilized for combining all
important sources of information together. As an example, it is shown how
the knowledge on salmon smolt abundance accumulates when information
from one analysis is transferred into another, adding new datasets into the
model at each step. The model framework demonstrated in [III] has been
formulated by others than myself (Ma¨ntyniemi and Romakkaniemi, 2002,
Ma¨ntyniemi et al. 2004, Michielsens et al. 2008). However, I know this
particular stock assessment framework very well because of the work I have
conducted within the past years in the International Council for the Explo-
ration of the Seas (ICES) working group of Baltic salmon and sea trout (ICES
2014a). Within the working group I have furthered the development of the
stock assessment framework, for example, by including observation models
on river specific spawner count data (e.g. ICES 2011a) and by introducing
annually varying maturation rates (ICES 2013).
The theme of modeling complex processes is continued in manuscript [IV],
which takes the first steps in introducing probability based modeling into the
analysis of acoustic survey data from the Baltic International Acoustic Sur-
vey (BIAS). A Bayesian hierarchical model is built to estimate the abundance
and the length/age composition of Bothnian Sea herring. The model is for-
mulated from the perspective of the survey, accounting for the details of the
survey design and data collection. The hierarchical structure is built both
over spatial and temporal dimensions, allowing information to flow between
geographical areas and different years of survey.
2 Choices and sources of data
2.1 Data bases and literature
The FishBase (Pauly 1997, Froese and Pauly 2014) is a global species database
that gathers data from published and grey literature about, for example,
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taxonomy, distribution, and life history parameters of all fish species. This
database is chosen as a data source in paper [I] because of the vast amount
of biological data it contains, but also because it is easily available online for
everybody and thus it has a great potential for prior formulation in many
studies, regardless of available financial resources. To formulate an exam-
ple on how correlations between biological parameters can be used to reduce
uncertainty of the prior distribution, parameters of length-weight and length-
fecundity relationships were extracted from the FishBase in paper [I] for three
species from the Clupeidae family. These species are Atlantic herring (Clu-
pea harengus), European pilchard (Sardina pilchardus) and Round sardinella
(Sardinella aurita).
Length-weight and length-fecundity relationships are important compo-
nents in stock assessments because many life history traits such as matura-
tion, natural mortality and reproductive potential depend on the size of the
fish. Thus, there is a trade-off in the allocation of energy of an individual that
creates correlation between biological parameters (e.g. Rochet 2000). Other
biological parameters, for example those related to the growth of the fish,
could have been equally well used in this example, but the length-weight and
length-fecundity parameters were chosen as an example of a set of correlated
parameters in paper [I] because of the great variation in the amount of avail-
able data between the three species. The length-weight relationship tends
to be more studied than the length-fecundity relationship, and thus learning
from the correlations between these life history parameters has the potential
to improve our knowledge about length-fecundity. From the species perspec-
tive, the availability of data also varies. Atlantic herring is more studied than
European pilchard or Round sardinella and, therefore, it was considered as
an opportunity to extend the knowledge from the data rich species to the
data poor.
The dataset in paper [I] contains information from 69 stocks, of which 29
are of Atlantic herring, 22 of European pilchard and 18 of Round sardinella.
Length-fecundity information is available, however, only for 8 stocks of At-
lantic herring, 1 stock of European pilchard and 1 stock of Round sardinella.
The stock-recruitment data on 9 Atlantic salmon stock analyzed in study
[II] is identical to those analyzed in Michielsens and McAllister (2004). Orig-
inally these data was gathered by the authors of that paper from journal
articles and research documents in French and in English. The data consists
of annual spawning stock abundances and number of smolts (juveniles that
begin their migration from river to sea) resulting from those spawners three
years later.
Two of the nine datasets were in eggs-to-adults format instead of eggs-
to-smolts format and were transformed by Michielsens and McAllister (2004)
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to corresponding format assuming 10% survival rate from smolts to adults.
In total, this dataset consists of 143 data points.
2.2 International Council for the Exploration of the
Seas (ICES)
In 1997, the Salmon Action Plan (IBSFC and HELCOM, 1999) set the inter-
national long-term management goals for Baltic salmon stocks. As one of the
most important goals was to ensure that each wild salmon population attains
at least 50% of its potential smolt production capacity by 2010, the simple,
deterministic statistical tools used until then for stock assessment were no
longer sufficient. Varis and Kuikka (1997) first applied Bayesian inference to
Baltic Salmon stock assessment by using a spreadsheet software and a modi-
fication of a Bayesian net including population equations. After that, a wide
framework of hierarchical Bayesian models has been developed to combine
information from the data rich and data poor stocks together, in order to ob-
tain the big picture of the status of the wild salmon in the Baltic. Today this
stock assessment methodology combines data from various sources into a life
history model that covers time series of almost 30 years and 15 wild Baltic
salmon stocks at the Gulf of Bothnia and Baltic main basin (Michielsens et
al. 2008, ICES 2014a).
The example in the review paper [III] illustrates how the knowledge about
annual smolt abundance gets updated in the stock assessment when sequen-
tial modeling steps are taken as follows: from the smolt mark-recapture
analysis to a hierarchical model that combines the smolt estimates with the
juvenile density data sets, and further with all the other data sets that bring
information about the strength of the smolt cohorts during later life stages.
Smolt mark-recapture and electrofishing datasets are collected nationally in
Finland and Sweden from the wild salmon rivers as a part of European Com-
missions Data Collection Framework (DCF, EU 2008). The other datasets
used as input to the life history model contain, for example, river specific
spawner counts, catch and effort information from the offshore and coastal
fisheries, and Carlin tag recaptures (ICES 2014a).
The Baltic International Acoustic Survey (BIAS) is carried out annually
as a part of the DCF to estimate the herring and sprat resources in the Baltic
Sea. The survey gathers information about the total number and biomass
of fish using echosounder and samples the species composition as well as the
length/age composition with trawl hauls (ICES 2011b). This information is
currently analyzed using point estimation, providing additional information
about abundance and length/age composition for the assessment of herring
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and sprat stocks (ICES 2014b).
The analysis of paper [IV] covers data from BIAS in 2007-2012 from the
Bothnian Sea region (ICES sub-division 30). The acoustic data is averaged so
that 1 nautical mile of the cruise track gives one data sample. Contrary to the
current ICES methodology, only trawl data from night trawl hauls is taken
into account in paper [IV] for calculating the species and length compositions.
This is because fish of different sizes are known to be distributed unevenly
between various depth layers during day time, but to gather and mix near
the surface at night (Cardinale et al. 2003). Consequently, usage of day time
trawl data would require separate modeling of different depth layers, which
would be a very heavy computational task. Thus, the day time trawl data
has been omitted from the analysis. However, because the catch sampling
for age determination is length group based and is not intended to represent
the age composition of the total population, catch samples from both night
and day trawl hauls are used in the estimation of the age composition of
Bothnian Sea herring.
3 Methods
3.1 Bayesian inference
A fundamental feature of Bayesian inference is that probability is considered
to exist only as a subjective degree of belief (De Finetti 1975). Thus, the
outcome of statistical inference is considered subjective, depending on the
person implementing the analysis. This means that two experts may dis-
agree on the results of their inference even if they observe the same data,
because their background knowledge and/or views on how the data should
be interpreted, differs.
Some see the subjectivity as an argument against the Bayesian branch
of statistics as a whole, claiming that science should be purely objective.
In such arguments it is often forgotten that also the traditional statistical
inference requires subjective decisions, such as the choice of a likelihood
function. Data, once observed, can be considered objective, but when that
data is interpreted and turned into knowledge about the subject studied, the
objectivity cannot be maintained. Instead of striving for objectivity, it is
more important to be able to justify the choices that have been made in an
honest and transparent way.
Bayesian inference is essentially a learning process where the initial knowl-
edge (prior distribution) is updated with the most recent information (data,
interpreted via the likelihood function) and these together form the new
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understanding about the phenomenon of interest (posterior distribution).
Mathematically, this process is implemented first by setting up a joint prob-
ability distribution for the observable data, y, and parameters of interest, θ.
This can be obtained as the product of the prior distribution, which describes
the initial knowledge of the parameters (before the data were collected), and
the conditional distribution of the observations given the parameters, rep-
resenting the interpretation of data. The prior distribution is a probability
distribution, and it is denoted by p(θ). The likelihood of the parameters given
the data is proportional to the probability of the data given the parameters,
p(y|θ) (Gelman et al. 2004). Thus, the joint probability distribution of the
data and the parameters is:
p(θ, y) = p(θ)p(y|θ).
Conditioning on the known y and using Bayes rule, we get the posterior
distribution:
p(θ|y) =
p(θ)p(y|θ)
p(y)
,
where p(y) =
∫
p(θ)p(y|θ)dθ is the integral over all possible values of θ. Thus,
the posterior distribution expresses the new understanding about the phe-
nomenon when the data, interpreted via the likelihood function, is combined
with the initial knowledge.
The prior distribution is a component of statistical inference that only
exists in the Bayesian framework. Its purpose is to be a synthesis of the
available background information, i.e. the knowledge we had before collecting
new data. Because of the subjective nature of knowledge, the choice of a prior
distribution may differ between experts. For instance, a statistician can have
a very different idea about the possible values of a biological parameter of a
specific species of fish than a biologist whose career has been spent studying
that species. On the other hand, views of different biological experts may
also be combined into a single prior distribution, covering a wider range of
opinions that influence the range of plausible values (Uusitalo et al. 2005).
Besides using expert knowledge, prior distributions can be formulated with
any type of information coming from the literature (Vanpaemel 2011), various
databases (Froese et al. 2014), or previous Bayesian analyses (Michielsens
and McAllister 2004).
The Bayesian inference has also been historically called as the inverse
probability of causes (e.g. McGrayne 2012), since it makes it possible to
answer questions about the probability of a phenomenon given the observed
data. In contrast, in the traditional (or frequentist) branch of statistical
inference, statements can only be made about the expected relative frequency
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of an outcome if the same experiment would be repeated infinitely many
times. Because people tend to be interested in the probability that something
happens, or in finding out the probabilities of different potential reasons
behind an observed event, results from the traditional statistical inference
are also often misinterpreted as being probabilities (which is only the case in
the Bayesian framework).
3.2 Hierarchical models
Bayesian hierarchical models offer an efficient way to jointly analyze data
from various sources that essentially tell us about the same phenomenon.
Hierarchical models are also a practical tool for formulating prior distribu-
tions (Gelman et al. 2004).
Suppose we have a set of fish stocks j = 1, . . . , n that are of same species
and that we wish to learn about the biological parameters θ = (θ1, . . . , θn)
of those stocks. These stocks may live in different geographical areas and in
different environmental conditions, which implies that the values of θ are not
identical for the stocks, but since they are of the same species it is realistic
to assume that those have something in common. If no feature is known
that would distinguish any of the θj ’s from any of the others, and their joint
distribution is considered invariant to the permutation of the indexes, we can
assume the parameters θ1, . . . , θn are exchangeable.
The exchangeability assumption is a subjective choice that reflects the
level of knowledge of the person conducting the analysis. One analyst might
assume a set of parameters as exchangeable, whereas another analyst might
have more information and instead consider those as conditionally exchange-
able. Conditionally exchangeable parameters are exchangeable in the residual
variation that remains after part of the variation has been explained with a
covariate. For example, latitude can be such a covariate if the analyst be-
lieves that the geographical location of the stock has a specific influence on
the value of the parameter of interest.
Because of the assumed exchangeability, each θj can be considered to be
drawn as an independent sample from the same prior distribution conditioned
by a set of common hierarchical parameters φ:
p(θ|φ) =
n∏
j=1
p(θj |φ).
As φ is usually not known, it will be given a prior distribution p(φ). Data is
linked to θ through a likelihood function p(y|θ).
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In addition, hierarchical models enable us to make predictions of the
distribution of unknown parameters. If we wish to predict the parameter θ for
a new stock that can be considered as exchangeable with the previous stocks,
we can predict the distribution of θnew by integrating over the posterior
distribution of the hierarchical parameters φ:
p(θnew|y) =
∫
p(θnew|φ)p(φ|y)dφ.
This predictive posterior distribution can be used as an informative prior
distribution in a subsequent study.
Hierarchical modeling is utilized in all papers [I]-[IV] of this thesis. In
paper [I], a hierarchical model is built between four biological parameters
(describing length-weight and length-fecundity relationships) of three related
species. The point estimates collected from the literature (FishBase; Froese
and Pauly 2014) for these biological parameters are treated as observed quan-
tities. The data points are logarithm transformed, giving a range of values
from potentially the entire real line, and those are assumed to follow a mul-
tivariate (four-dimensional) normal distribution. The expected values of the
parameters are further assumed to be normally distributed but unknown,
and hierarchical priors are given to them, enabling learning between species.
The variance-covariance matrix is given an inverse-Wishart prior distribu-
tion, stating that the true variance-covariance structure is not known, but is
desired to be estimated. Correlations between the biological parameters of
the length-weight and length-fecundity relationships are set to be common
for all species. This makes it possible to learn about the correlations from
those species from which plenty of data exists and transfer that knowledge
to species for which data is sparse.
A hierarchical structure is assumed both for the slopes at the origin of the
stock-recruit function and for the model choice for a group of Atlantic salmon
stocks in paper [II]. As the spawning stock sizes are considered as the num-
ber of eggs, the slope at the origin parameter corresponds to the maximum
survival of eggs, i.e. survival of eggs without density dependent mortality.
The survival of eggs is assumed exchangeable among different salmon stocks
for computational simplicity. It is acknowledged, though, that the experts
on Atlantic salmon might know of features that would, for example, divide
the stocks into geographical groups and, thus, be instead exchangeable con-
ditionally on latitude. A predictive posterior distribution for the maximum
survival of eggs parameter is estimated for a new Atlantic salmon stock; this
distribution could be used as a prior in other studies (e.g. in Baltic salmon
stock assessment [III]).
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The hierarchical structures in papers [III] and [IV] are described in sec-
tions 3.4 and 3.5, respectively.
3.3 Structural uncertainty
The need to account for structural uncertainty arises when it is not clear
how a mathematical model should be formulated to best represent the phe-
nomenon of interest. For example, experts may express competing views
about the nature of a biological process, each leading to very different model
formulations. On the other hand, even when there is not any doubt about
the biological process itself, different formulations of the same model can
still be considered. It may also be that the uncertainty about the possible
outcomes is best represented by a mixture of several models, or by stating
that the true model resembles one or more functional forms and that more
variation is needed around those forms (Munch et al. 2005).
For stocks of Atlantic salmon, it is often discussed whether the Beverton-
Holt or Ricker model is more suitable for describing their stock-recruit re-
lationship (e.g. Hilborn and Walters 1992). Both models may fit the same
data well, but the management decisions can differ heavily depending on
the model choice. Eventually the choice of the model should depend on
the knowledge about the biology of a fish stock: With the Beverton-Holt
model it is assumed that the number of recruits increases at first rapidly
with increasing spawning stock size and then slows down as the recruitment
approaches the carrying capacity due to density dependent mortality. The
Ricker model assumes similar behavior of the recruitment at low spawning
stock sizes, but the recruitment then decreases after carrying capacity is met.
This indicates that competition is so fierce that the recruitment suffers from
significant losses unless the spawning stock size is limited to being close to
the level that provides maximum recruitment. For example, differences in
the habitat quality or the amount of suitable spawning sites can influence the
survival of eggs or juveniles and make the Ricker model a more biologically
realistic choice compared to Beverton-Holt (Aas et. al 2011).
The third commonly used model for the stock-recruit relationship is the
hockey stick model (Barrowman and Myers, 2000). As the name suggests, in
a hockey stick model the recruitment increases linearly until carrying capacity
is met, after which it stays constant. Although the hockey stick model is
not biologically very plausible, it is often used because of its computational
simplicity. Also, it is considered to give more conservative estimates for the
maximum survival of eggs compared to Beverton-Holt and Ricker models.
In paper [II], the above three alternative models are considered as options
for each of the 9 Atlantic salmon stocks using the approach of Bayesian
12
model averaging (BMA, Hoeting et al. 1999). BMA is implemented with the
method of Carlin and Chib (1995), where an integer valued parameter is set
to index the model collection. An uninformative hierarchical Dirichlet prior
distribution, common to all the stocks in the analysis, is assumed for the
stock specific model choices and for the parameters of the stock-recruitment
relationships. As the parameters of the prior distribution get updated with
the data from the stocks that have lots of information about the shape of the
stock-recruitment curve, the hierarchical structure transfers this information
to the stocks that do not contain much of such information. Even though
equal prior weights are given for all three models, those could also be set
unequal to emphasize different prior beliefs about how probable one model
is compared to another.
The paper [II] results in posterior probabilities for each of three stock-
recruitment models. These probabilities could further be used as prior dis-
tributions in a subsequent study if there is a need to account for structural
uncertainty.
3.4 Sequential models
Sequential models are useful when the model framework is computationally
too complex to be run within a single model. Thus, two or more models
are run separately, and information from one model is transferred to another
using, for example, likelihood approximation (e.g. Michielsens et al. 2008).
Review paper [III] describes how uncertainty about the annual salmon smolt
abundance estimates in Baltic salmon stock assessment decreases when dif-
ferent types of information are included into the sequential model framework.
Figure 1 illustrates these modeling steps and the related data sources.
First, data from a smolt mark-recapture study (Ma¨ntyniemi and Ro-
makkaniemi 2002) is analyzed alone for each river from which such data
exists, estimating the annual strength of the smolt run in that particular
river. Secondly, a hierarchical model is built in a so-called river model (ICES
2004) across a group of stocks, connecting the information from the smolt
mark-recapture analysis with the electrofishing data that consists of juve-
nile densities at several areas across the rivers. As the smolt mark-recapture
data is not available from all rivers or years, this hierarchical model makes
it possible to learn from the connections between juvenile densities and the
strengths of the following smolt runs. Predictive posterior distributions are
estimated for the smolt abundances for rivers/years from which only elec-
trofishing data is available. As a third step in this sequential analysis, the
posterior and predictive posterior distributions of smolt abundances obtained
from this analysis are transferred to the full life history-model (Michielsens et
13
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Figure 1: Illustration of the Baltic salmon life cycle and sequential modeling
steps to estimate the stock specific smolt abundances. The dashed arrows
represent the input datasets associated with each model, whereas the dotted
arrows represent the smolt abundance estimates that are transferred from
one model to another via likelihood approximation. (See paper [III] for more
details.)
al. 2008), which deals with the entire life cycle of salmon, by using likelihood
approximations.
In the full life history model, the smolt abundance estimates are again
updated by new sources of data, including data on Carlin tag mark-recapture
studies and annual stock specific strengths of the spawning runs. Because
many parameters of the life cycle (for example, marine survival and rate of
maturation at each sea age) are assumed common for all the stocks, the stock
specific smolt abundance estimates are influenced not only by the information
of the stock in question, but also by the information from other stocks. For
example, large observed spawning run in one river may indicate high survival
for one or several smolt cohorts, which may again update the smolt estimates
of other stocks.
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3.5 Hierarchical spatial models
In addition to estimating population abundances, also the geographical lo-
cation of the population at given time may be of interest. If spatial data on
the geographical distribution of the species is available, there is often a desire
to use that data to find out how this distribution changes in time. Spatial
models enable estimation of quantities within a grid of areas on a map, and a
hierarchical structure between the areas makes it possible to expand knowl-
edge from areas from which data are available into areas that are poorly,
or not at all, studied. In addition, hierarchical spatial models can also be
defined continuously in space (e.g. Agarwal et al. 2005).
In paper [IV], a spatial hierarchical model is built for the Baltic Interna-
tional Acoustic Survey over the Bothnian Sea region, in order to estimate the
abundance, length and age composition of the Bothnian Sea herring stock. In
this model, the Bothnian Sea is divided into 28 rectangles, and hierarchical
structures are specified both across the rectangles and inside each rectan-
gle, transferring information from the areas covered by the survey to areas
outside the survey track. The distribution of fish across the rectangles, as
well as inside each rectangle, is assumed to be Dirichlet. An overdispersion
parameter is set to cover the extra variation that can arise from the school-
ing behavior of the fish, compared to the variation assuming independence
of fish locations. Similarly, the distribution of the fish within a rectangle,
considering the areas covered by pieces of cruise track and areas outside the
survey track, is assumed to be Dirichlet.
Observation models for data from the trawl catches are specified for
species composition, for length composition of herring and other species,
and for age composition of herring. The species composition is accounted
for by assuming that the observed proportion of herring in each statistical
rectangle is Beta- distributed and linking the expected value of that distri-
bution with the annual proportion of herring in the total Bothnian Sea. The
observed length compositions of herring and other species are assumed to
follow the Dirichlet-Multinomial distributions. In a similar manner, the age
composition of herring is assumed to be Dirichlet-Multinomial distributed.
The length class specific sampling scheme for ages in the catch sampling is
accounted for when estimating the age composition of the herring population.
3.6 Software
The Bayesian models in this thesis have been analyzed using Markov Chain
Monte Carlo (MCMC) simulation methods with WinBUGS/OpenBUGS (Lunn
et al. 2009; papers I and III), or with JAGS (Plummer 2003; papers II and
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IV) software. In study [IV] Hamiltonian Monte Carlo methods were also
tested using Stan (Stan Development Team 2014) to increase computational
efficiency, but unfortunately convergence of parameters was not achieved.
Convergence of the MCMC chains in all studies has been monitored using
the Gelman-Rubin shrink factor diagnostics and/or visual inspection of the
chains.
4 Results
4.1 Learning from correlations between biological pa-
rameters
Estimated posterior distributions in paper [I] indicate that the parameters
of length-weight and length-fecundity relationships are strongly correlated
among the three studied species of the clupeidae family (Fig 2). The 95%
posterior probability intervals (PI) for all six pairwise correlations are either
above 0.5 or below -0.5.
The species specific mean estimates from the correlation model are com-
pared to the estimates obtained from the same hierarchical model but without
the correlation structure (Fig 3). It can be seen that utilizing correlation re-
duces uncertainty in the length-fecundity estimates, especially if data from
both biological relationships is available from the same stocks. Thus, the
uncertainty is strongly reduced for the length-fecundity parameters of Euro-
pean pilchard but not so much for Round sardinella, as for the latter species
data of length-fecundity and length-weight relationships is not available from
the same stocks.
Posterior estimates of the length-weight relationship parameters are rather
similar for all species between the correlation model and the hierarchical
model without correlation (Fig 3), suggesting that utilization of correlations
does not make a much difference if there is a large amount of data available
for all parameters.
4.2 Accounting for model uncertainty in the stock-
recruit relationship of Atlantic salmon
The probabilities of three alternative models for the stock-recruitment re-
lationship (Beverton-Holt, Ricker and hockey stick) are calculated for nine
Atlantic salmon stocks using the method of Bayesian model averaging (pa-
per [II]), and one clear winner is found. The posterior distribution for the
proportion of stocks with Beverton-Holt as the true model is estimated to
16
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Figure 2: Prior (dashed line) and posterior (solid line) distributions for the
pairwise correlations between parameters of the length-weight relationship
(aw, bw) and length-fecundity relationship parameters (af , bf ) of three species
from the clupeidae family (Atlantic herring, European pilchard and Round
sardinella).
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Figure 3: Prior and posterior distributions of mean parameters of length-
weight relationship (µaw , µbw) and length-fecundity relationship (µaf , µbf ) for
Atlantic herring, European pilchard and Round sardinella species. Dotted
line illustrates the prior distribution, whereas thin solid line illustrates the
posterior distribution based on the model without correlation and bold solid
line the posterior distribution based on the correlation model, respectively.
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have median of 0.75 and 95% PI of [0.34,0.96]. For individual stocks, three of
the nine stocks have more than 0.95 probability for Beverton-Holt whereas
for the rest of the stocks this probability varies between 0.74 and 0.87. The
predictive probability for an unknown salmon stock to have a Beverton-Holt
model is estimated to be 0.72, whereas the corresponding probabilities are
0.11 for the Ricker model and 0.17 for the hockey stick model. Figure 4
illustrates the estimated stock specific stock-recruitment relationships as a
mixture of the alternative models, where each curve represents one random
draw from the joint posterior distribution of the model parameters, including
the model choice.
The predictive distribution for the maximum survival of eggs parameter
of a new salmon stock (from which no data is included in this analysis)
is estimated to have median of 0.05 and 95% PI of [0.01,0.51]. For the
nine Atlantic salmon stocks whose data is analysed, posterior medians of the
maximum survival vary between 0.02 and 0.10 (Fig 5), with River Ellidaar
having the highest range of uncertainty in the estimates (95% PI [0.01,0.53])
and Little Codroy River having the smallest range of uncertainty (95% PI
[0.04,0.19]), respectively.
4.3 Updating knowledge about Baltic salmon recruit-
ment with a sequential analysis
The annual smolt abundances in river Tornionjoki (paper III) are estimated
at three consecutive steps when the sequential model framework is applied in
the Baltic salmon stock assessment (Fig 6). In these models, biological back-
ground knowledge is combined with the data to provide probability estimates
for the smolt abundances.
The smolt mark-recapture model (Ma¨ntyniemi and Romakkaniemi 2002)
provides the first estimate about the smolt abundance on river Tornionjoki
based on the smolt trapping data. This estimate has the greatest uncer-
tainty among the three models. Next, the estimates from the smolt mark-
recapture model are updated in the river model (ICES 2004), which uses
juvenile density information across 15 rivers at Baltic Sea. Finally, the full
life history model (Michielsens et al. 2008) updates the river model estimates
on the smolt abundance utilizing, for example, the spawner count, fisheries
and Carlin-tag-recapture datasets as well as the model assumptions about
the biology of salmon. The smolt abundance estimates do not differ greatly
between the river model and the full life history model, because most of
the information about the smolt abundance is already covered by the first
two models. Information about the adult abundances may have an effect
19
Figure 4: Estimated stock-recruit relationship for nine Atlantic salmon stock
as a mixture of three alternative models (Beverton-Holt, Ricker and hockey
stick). Each curve represents a random draw from the joint posterior distri-
bution of model parameters.
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Figure 5: Prior and posterior estimates for maximum survival of eggs for
nine Atlantic salmon stocks and a predictive distribution for another salmon
stock, from which no data is included in the analysis.
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Figure 6: The estimated smolt abundance in river Tornionjoki after sequen-
tial modeling steps of smolt mark-recapture model, river model and the full
life history model.
backwards to the previous smolt abundance, but often such data will rather
update the estimated mortality rates. For example, high observed spawning
run size can either be interpreted so that the smolt cohorts contributing to
the spawning run must have been larger compared to what smolt and juve-
nile studies suggest, or such data can be seen as an evidence about higher
smolts-to-adults survival. The latter interpretation usually more plausible,
since prior knowledge about the survival rates is rather uninformative.
4.4 Introducing uncertainty into the estimates of Baltic
International Acoustic Survey
Because of the computational problems and poor convergence in some of the
estimates, the posterior results of the acoustic survey model [IV] illustrated
are preliminary and should be treated with caution. The convergence is
problematic especially for the estimated abundance and into lesser extent to
the estimated length-age composition, but the possibility that changes in the
estimated abundance would also affect the length-age composition cannot be
ruled out.
The estimated length compositions of herring in 2009-2012 suggest a
higher share of larger herring (length groups 17.5-20 cm and 20-22.5 cm)
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and a lower share of smaller herring (length group 12.5-15 cm) compared
to the standard point estimates of the ICES working group WGBFAS (Fig
7). The difference in length composition impacts the estimated abundances,
which are systematically lower according to Bayesian estimates compared to
the standard estimates in all years 2009-2012 (Fig 8). However, the datasets
behind the estimation procedures are not fully comparable, as the Bayesian
estimates only contain data from the night trawl hauls.
Similarly to the estimates of annual length composition, estimated annual
age composition also has a higher share of older herring (8+ year olds) and
lower share of younger herring (1-2 year olds) compared to the standard
estimates (Fig 9). The results of the two estimation procedures differ the
most for 1 year olds in 2012: the Bayesian estimate for this age group in
2012 is clearly higher than in earlier years, but not as high as the standard
estimate suggest. It is interesting to note that in 2012 the financial resources
of the survey were reduced to a half and, thus, the length of the cruise track
and the number of trawl hauls needed to be reduced by 50% compared to
previous years.
5 Discussion
This thesis provides some formal statistical tools for accounting for sources
of uncertainty that are often ignored in fisheries stock assessments. The
methodological core of this thesis is based on Bayesian hierarchical modeling,
as this allows both the synthesis and accumulation of knowledge. Model
structures in papers [I], [II] and [IV] have not been published before, whereas
the model framework in [III] has been published in parts within the past
twelve years (Ma¨ntyniemi and Romakkaniemi 2002; ICES 2004; Michielsens
et al. 2008). There remain many ways to improve the approaches illustrated
in this thesis, if additional resources for funding the work are available. It
should be noted that these methods could be applied also to species other
than fish. Especially the approaches of papers [I] and [II] are very general and
could also be useful in stock assessments of bird, mammal or insect species.
The correlation model in paper [I] shows how correlations among bio-
logical parameters can benefit the prior formulation of stock assessments.
Despite the fact that model structure in [I] is simple and intuitive, it has
not been used before to improve the estimates of biological parameters. Ac-
counting for correlations can be advantageous, especially if a stock assessment
needs to be provided for a stock that is poorly known, as usually in such case
the resources to collect new data are limited. Because the correlations arise
from different life history strategies, additional information is likely to be
23
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Figure 7: Estimated annual length composition of Bothnian Sea herring
in 2009-2012. Dots and lines illustrate the medians and 95% probability
intervals of Bayesian estimates, whereas the standard point estimates are
illustrated with triangles.
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found from any set of species. Whereas the dataset in [I] consists of only
three species, it is better to have a larger number of species in an analysis,
if possible. This is preferable especially if there is a need to provide a pre-
dictive distribution for an unknown species. If data from a wide selection of
species is included in the analysis, the predictive distribution is less likely to
be driven by the life strategy of a single species and more likely to reflect a
wider range of biological knowledge.
Difficulty in finding data on several life history parameters for the same
stock can hinder the usage of the model [I] in practice. Data itself may
be widely available, but it can be unclear which datasets can be considered
to represent the same stock. This is troublesome because data is needed
from the same stocks in order to estimate correlations. In FishBase (Froese
and Pauly, 2014) each dataset is connected to a stock description based on
the original publication, but problems arise from not knowing whether two
descriptions may or may not indicate the same stock. The definition of
a stock itself can also be vague, and it may be difficult to distinguish one
sub-population from another. Recently, the FishBase staff has included stock
identification numbers for some species, but understandably doing this for all
datasets that exist in the database is an enormous task. Thus, developments
in data bases may increase the usage of model [I] in the future.
Our approach in paper [II] is the first to use hierarchical modeling to
account for structural uncertainty in a relationship between spawning stock
size and resulting offspring recruitment. The biological realism of a stock-
recruit analysis is increased by acknowledging that it is not clear which one
of the functional forms (Beverton-Holt, Ricker or hockey stick) would be the
best in describing the future behavior of the Atlantic salmon stocks. Similar
work was also conducted by Hillary et al. (2012), who evaluated probabilities
of Ricker and Beverton-Holt types of models for a set of herring stock-recruit
data using a Shepherd model that takes values above or below 1 (for a certain
parameter) depending on which type of model best fits the data. Compared
to their approach, the method in [II] is more general since the models do
not need to be of the same functional form. This enables estimation of
probabilities for practically any type of model structure.
The approach of accounting for model uncertainty in paper [II] could be
developed further by incorporating explanatory variables or informative prior
distributions for the model choice. Also, the approach could be expanded
with the method of Munch et al. (2005), allowing each alternative model to
incorporate a Gaussian process prior. This would suggest that the details
about the shape of each function would not be precisely known, although
they would resemble known forms. On the other hand, the simplifying as-
sumption that the functional forms of the stock-recruit relationship can be
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considered as exchangeable between different stocks, may require more care-
ful consideration. This assumption implies that nothing is known that would
make one stock more likely to have e.g. a Ricker as the correct functional
form than some other stock. However, differences between stocks could arise,
for example, from the habitat conditions in different rivers and, if such infor-
mation existed, the assumption about exchangeability should be revised. It
must be acknowledged, though, that exchangeability reflects a state of mind
and not a state of nature. Thus, the model structure chosen will depend on
the level of knowledge that the person implementing the model holds.
We also claim in paper [II] that the maximum survival of eggs parameter
should be used as a key parameter of a stock-recruit relationship instead of
steepness, if the purpose of the stock-recruit meta-analysis is to provide a
predictive prior distribution for a subsequent study. This change would im-
prove the biological realism of the stock-recruit analyses in two ways: First,
by avoiding estimation of the steepness parameter, the need to make as-
sumptions about life history parameters other than those taking place be-
tween spawning and recruitment, is removed. Second, as the estimation of
maximum survival of eggs parameter requires that the spawning stock size
is considered in terms of eggs, there is an opportunity to better represent
the reproductive potential of the spawning stock. This is because the cur-
rently widely used spawning stock biomass estimate (SSB) does not account
for temporal variability in fecundity due to, for example, parental size and
resource variability (Marshall et al. 2003, Lambert 2008).
Paper [III] illustrates the success story of the Bayesian stock assessment
framework applied to Baltic salmon. The sequential estimation process of
smolt abundance is used as an example of the benefits of this model struc-
ture. There are, however, many other interesting details in this model frame-
work, such as the estimation of annual post-smolt mortality rates or annual
maturation rates for fish of a certain sea age. The ability to combine infor-
mation from different sources (e.g. tagging, catch and spawner count data)
and to encapsulate the biological background information from literature
and experts (e.g. migration patterns, potential smolt production capacities)
into the model structure is one of the greatest advantages of the Bayesian
modeling framework.
The model framework of the Baltic salmon stock assessment is still evolv-
ing. One of the aims of the future model development is to re-parametrize the
river specific stock-recruit relationships by using maximum survival of eggs as
key parameter of the Beverton-Holt function. Currently the parametrization
is based on steepness (Michelsens and McAllister, 2004), but the downside
of this approach is that the assumptions made about adult survival for At-
lantic salmon stocks in the meta-analysis do not necessarily apply for Baltic
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salmon stocks. Instead, results in paper [II] would provide the prior dis-
tribution for the maximum survival of eggs parameter of the Beverton-Holt
function, removing the need to assume anything about the adult survival in
the stock-recruitment relationship.
In paper [IV], first steps are taken towards introducing probability based
statistical inference to the analysis of the Baltic International Acoustic Sur-
vey data. The standard estimation method used by the ICES working group
WGBFAS is based on point estimation and is not able to reflect uncertain-
ties that arise, for example, from the variation in the spatial coverage of the
survey. The results based on the Bayesian model in [IV] suggest that the
Bothnian Sea herring stock would consist of somewhat larger herring, but
that the total herring abundance would be far lower compared to the ICES
current interpretation of the BIAS survey data.
The comparison between the standard ICES estimates and the new Bayes-
ian estimates is hampered by the fact that the analyzed datasets are not
identical: the Bayesian model contains trawl data only from the night trawl
hauls, whereas the standard estimates are based on both night and day trawl
data. The reason for omitting the day trawl data from the Bayesian es-
timation is that during daytime fish tend to be located in different water
depths depending on their size (Cardinale et al. 2003), whereas at night
fish of different size gather together near the surface. Thus, the night time
trawl catches give a more representative sample of the size composition of
the population if the water depth is not accounted for in the analysis. As this
issue is not accounted for in the standard estimation procedure, our Bayesian
approach may be more robust as it acknowledges the dial variation in the
vertical distribution of herring and only uses night trawl data.
However, computational problems have so far prevented the results of
paper [IV] from being used in the stock assessment of Bothnian Sea herring.
The simulation run with two parallel chains in JAGS illustrated in [IV] takes
one month to run, but MCMC chains of important parameters do not yet
mix well and thus their convergence has not been met. Thus, the perfor-
mance of the model and existence of potential faults needs to be studied
carefully before the estimates can be utilized in the Bothnian Sea herring
stock assessment.
Computational difficulties are undeniably the greatest hindrance in achiev-
ing wider usage of Bayesian hierarchical models. Simple models such as [I]
or [II] run quite fast, but the more complex or highly dimensional the models
are the more time the simulation runs take. For example, the computational
time of the stock assessment model of Baltic salmon [III] has reached its
limits with more than one month of run time, which is roughly the same
time which there is left to provide the assessment after annual updates on
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stock assessment datasets become available. This makes the assessment quite
vulnerable to mistakes as there does not remain much time to deal with com-
putational difficulties or to redo the analysis if errors in the input data are
discovered.
Computational problems often arise because the joint posterior distribu-
tions are strongly correlated. The Gibbs sampling based software such as
JAGS and BUGS move very slowly in a highly correlated parameter space
and thus it takes a very long time to generate a representative sample from
the target distribution. More efficient algorithms, for example the ones utiliz-
ing Hamiltonian Monte Carlo sampling (Stan Development Team 2014), have
shown great promise in sampling from highly correlated parameter spaces,
and are likely to replace older simulation methods in the future. Alterna-
tively, custom written samplers could be designed to tackle sampling prob-
lems, but this option is also costly as it requires both the expertise and the
time for dealing with each specific modeling case.
In addition to lengthy run times, another disadvantage of the complex
Bayesian models is that it can be quite difficult to explain the behavior and
performance of a model to non-statisticians, especially to those with very
little previous experience in Bayesian modeling. As the number of details in
a model increases, the longer it takes for someone to understand the model as
a whole, and the fewer the people that have the time to learn all the nuances.
This is one of the reasons why simple models are sometimes argued to be
preferable to complex ones (e.g. Hodges 2010, Wenger and Olden, 2012).
However, if simple models are systematically preferred over complex ones,
this may easily happen to the detriment of biological realism. The Baltic
salmon case [III] is a great example on how the complexity of a model, if
arising from the biology, can provide important knowledge on the condition
of the stocks, contributing to their recovery.
Challenges in the fisheries stock assessment are not about to diminish
in the future. Over-fishing of stocks, not only for human consumption but
also for fish meal production for farmed fish, threatens fish stocks globally
(Naylor et al. 2000). The growing industry of aquaculture threatens also
stocks of migratory fish by increasing the amount of parasites and diseases
at migration routes (Brauner et al. 2012). Furthermore, the climate change
induces constantly new threats to the fish stocks, and the fisheries managers
should be able to quickly react to the changes in order to secure the future
of the stocks (Ficke et al. 2007). To meet these challenges, the practices
of fisheries stock assessment will need to evolve accordingly. Bayesian hi-
erarchical models offer a solid methodological background for this, enabling
synthesis and accumulation of a wide range of knowledge and even competing
views on reality. As the subjective nature of statistical inference is acknowl-
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edged, it becomes easier to honestly examine and account for the sources of
uncertainty that affect the results of a stock assessment.
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